Abstract: 3D building model reconstruction is of great importance for environmental and urban applications. Airborne light detection and ranging (LiDAR) is a very useful data source for acquiring detailed geometric and topological information of building objects. In this study, we employed a graph-based method based on hierarchical structure analysis of building contours derived from LiDAR data to reconstruct urban building models. The proposed approach first uses a graph theory-based localized contour tree method to represent the topological structure of buildings, then separates the buildings into different parts by analyzing their topological relationships, and finally reconstructs the building model by integrating all the individual models established through the bipartite graph matching process. Our approach provides a more complete topological and geometrical description of building contours than existing approaches. We evaluated the proposed method by applying it to the Lujiazui region in Shanghai, China, a complex and large urban scene with various types of buildings. The results revealed that complex buildings could be reconstructed successfully with a mean modeling error of 0.32 m. Our proposed method offers a promising solution for 3D building model reconstruction from airborne LiDAR point clouds.
Introduction
Accurate and timely updated three-dimensional (3D) building modelling is a critical component in environmental and modern urban information systems [1, 2] . An increasing number of applications, such as urban planning, training simulations, virtual tourism, real-time emergency response, personal navigation, and homeland security, require 3D building models as an input source [2] [3] [4] [5] [6] . The 3D building models provide quick access to the urban topography, human-made structures, and our surrounding environment. Thus, 3D reconstruction of buildings has become increasingly important and efficient 3D urban building model reconstruction methods have become a very active research domain in recent years [7, 8] .
Traditionally, 3D building models are built up manually by using a digital photogrammetric workstation [9] . However, manual 3D processing is time-consuming and labor-intensive [4, 10] . Therefore, it is desirable to develop automatic or semi-automatic procedures. The rapid development prior knowledge of building primitives and the scheme for determination of primitive mathematical models. Moreover, since the building contours are attached with rich architectural information, such as the shape and structure of buildings, the topological relationships and geometrical information between these contours are not fully utilized.
In this study, we aim to address the drawbacks identified above by employing the graph-based localized contour tree method [53] and bipartite graph-matching theory to reconstruct 3D building models directly from building contours. The proposed method is capable of capturing the topological structure of buildings by using the graph theory-based localized contour tree method, and then reconstructs different parts of buildings from the contours separated by the contour tree.
The organization of the paper is as follows: In the next section, we describe our proposed method for 3D building model reconstruction in detail. In Section 3, the performance of our proposed method is evaluated through a case study. Section 4 provides some discussions of the method. Finally, conclusions are drawn in Section 5.
Methodology
The purpose of our research is to reconstruct the building models by addressing both topological and geometrical relations which rely on the information derived from building contours only. The topological relations of building contours are obtained by using the graph-based localized contour tree, while the geometry can be specified by the contours. There are four key procedures that constitute this method: building contour generation, graph-based localized contour tree construction, bipartite graph matching, and building model reconstruction. In the building contour generation, the contours of each building are extracted from airborne LiDAR point clouds with guidance from vector data of 2D building footprints. In the graph-based localized contour tree construction, the hierarchical structure of each building is analyzed and represented by a contour tree. By investigating its topological structure, the contour tree was then separated into several sub-trees, which represent different parts of the building. In the stage of bipartite graph matching, a weighted bipartite graph is constructed between any two adjacent contours to solve the correspondence problem for surface modeling. In the building model reconstruction, building models are reconstructed by connecting all individual parts of the building models generated from the bipartite graph matching into a complete model.
Building Contours Generation
The preprocessing of getting the contours of each building can be divided into three steps. The first step is to derive the normalized digital surface model (nDSM), which is a rasterized representation of relative height information about objects above the ground [54] . It is computed as the difference between the digital surface model (DSM) and the digital elevation model (DEM). In our study, the DSM was generated from the airborne LiDAR point clouds by using the linear triangulated irregular network (TIN) interpolation method [23] [24] [25] [26] . The DEM was then interpolated from the ground points which was classified using a progressive morphological filter [55] . The selection of cell size is also a key issue in the generation of DSM and DEM. According to [23, 56] , the cell size (c) can be determined by the following formula:
where n is the LiDAR pulse density (returns/m 2 ). The second step is contour generation. Before creating vector contours, a Gaussian smoothing filter was applied to the nDSM to reduce data noise [23] :
where (x, y) is the location and G is a Gaussian kernel with standard deviation δ. Since data noise may exist, the extracted contours may appear to be very coarse. Consequently, a contour line optimization was then conducted. Previous studies used line segments to delineate and fit the basic shapes of buildings. However, many buildings are irregular in reality and, thus, cannot be delineated by line segments only. In order to derive smooth contour lines by preserving the building shape, we adopted the method introduced by Liu [57] for approximation of building contours with line segments and circular arcs. The final step is obtaining building contours. After the second phase, there are many non-building contours existing on the contour map, such as trees and cars. To eliminate the non-building contours, we employed the vector data of 2D building footprints, which were visually interpreted from high-resolution aerial photographs. With the guidance of the building footprints, individual building contours can be extracted and identified. Then the determined individual building contours are used in the subsequent analyses.
Graph-Based Localized Contour Tree Construction
After the extraction of building contours, buildings are represented as contour clusters in which closed contours at a higher height are surrounded by other closed contours at a lower height. Previous studies [23, 53, 58] showed that such contour clusters could be further represented by graph-based localized contour trees. Detailed information about the conceptual framework of the localized contour tree method can be found in [23, 53] .
In our study, we used contour trees to analyze the topological relationships and structure of building contours. The graph-based localized contour tree of building contours can be constructed based on the contour height values. Each contour tree contains a root node, several internal nodes and leaf (terminal) nodes. It is constructed in a bottom-up manner regarding height value. For a monotonous structural building shown in Figure 1a , the local contour tree (Figure 1b) is initiated with the contour A as the root node, which has the lowest height value. Then, the adjacent contour B is identified and added as the child node of contour A. This iterative process continues until the highest contour F is included as the leaf node. Finally, the single building leads to a single-branch contour tree. Similarly, for a multi-story composite building, as shown in Figure 1c , a multi-branch contour tree (Figure 1d ) is established through the contour tree construction. As shown in Figure 1d , the multi-branch contour tree is composed of a root node (A1), six internal nodes (A2, B1, B2, B3, B4, and C1) and two terminal nodes (B5 and C2).
The structure of a building can be decomposed into collections of smaller structures. By analyzing the data structure of the local contour tree, the building structures and topologies can be simplified and recognized. For the single structure building, all the building contours belong to the same structure and the topological relationship of the contours is monotonous. Thus, the single building is represented by a single-branch contour tree. The single branch contour tree in Figure 1b has shown that there are no topology changes in the contour tree, indicating that the corresponding building ( Figure 1a ) has a single and simple structure. For the buildings with complex structure, interior topological changes are occurring in their corresponding trees. In these trees, only the contours having a homogeneous spatial topology relationship are existing in the same structure, and these contours are represented by a sub-tree in the contour tree. For the multi-branch contour tree shown in Figure 1d , the node A2 has two child nodes B1 and C1, representing a separation relationship in the sense of topological representation. The sub-tree rooted at B1 is a monotonous structure, representing a part of the building.
Similarly, the sub-tree rooted at C1 is also a part of the building. Besides, the sub-tree A1-A2 is also a part of the building, which represents the base of the building. Therefore, the building in Figure 1c can be separated into three different components: A1-A2, B1-B5, and C1-C2. Clearly, the local contour tree can capture and emulate the spatial and topological structure of buildings nicely.
With the contour tree construction, each building can be decomposed into multiple individual parts, and each part has a homogeneous and monotonous structure. In the next section, the construction of a surface model for each part is given in detail.
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Remote Sens. 2017, 9, 92 6 of 16 Subsequently, a bipartite graph G = {B, U, E} is constructed, where E represents the edges linking the vertices in point sets B and U. The bipartite graph G can be defined with |G| = |B| + |U| vertices, where |.| is the cardinality and |B| = |U| = n. According to [6, 60, 61] , the weight of the edges from vertices in B to vertices in U is defined by the distance in the spatial domain, as shown in Figure 2b .
T and v j = x j , y j , c U T be vertices in B and U, respectively, where c B and c U are the contour value (elevation) of contour C B and C U , respectively, and 1 ≤ i, j ≤ n. We calculate the distance by:
where . 2 represents the Euclidean norm.
Using the distance term defined in Equation (3), the weight w i,j from v i to v j is given by:
where exp is an exponential function, σ is a reduction factor which controls the distance between the vertices. In most cases, σ is selected by trial and error. An appropriate selection for σ can be set to 15 according to [60] . Through constructing the weighted bipartite graph, the point matching problem is solved by computing the maximum matching of the weighted bipartite graph. In our case, if the ∑ i ∑ j w i,j is maximized, the maximum matching result will provide the 1:1 mappings from B and U (Figure 2c) . In the graph G = {B, U, E}, let γ k be a bipartite graph matching, and γ represents all of the possible bipartite graph matchings. The maximum matching result γ m means every vertex in point set B is matched to only one vertex in the point set U. In order to solve the maximal matching problem, we employ the Kuhn-Munkres algorithm [62] , which is a minimization/maximization algorithm for square matrices of general assignment problems invented by Kuhn [63] and improved by Munkres [62] . Firstly, an n × n edge cost matrix is created, with i,j = w i,j . Given the n × n matrix , find a permutation p(p t ; t = 0, . . . , n − 1) of the integers 0, 1, 2, . . . , n − 1 that minimizes ∑ n−1 t=0 M[t, p t ]. In our research, the objective function of the maximum weighted bipartite matching is given by the following equation:
Thus, given a graph G = {B, U, E} and an n × n edge costs matrix , the Kuhn-Munkres algorithm will output a complete max-weighted bipartite matching γ m . The output max-weighted bipartite matching is not only a matching of maximum cardinality, but also is the similarity between two nodes (contours). Large γ m value means a higher similarity, indicating that the shapes of the contours are very similar. By using the Kuhn-Munkres algorithm, we establish the correspondence between the points in consecutive contours to generate the surface model (Figure 2d ).
Given any two adjacent contours in a sub-contour tree, the surface model can be generated by the above process. Finally, we integrate all of the surface models into a composite surface model.
Building Model Reconstruction
Since the building models can be complicated and complex, single-surface models may not be sufficient to express the buildings. In our proposed approach, the buildings are separated into several parts, and each part is reconstructed individually. Each part of the building can be reconstructed by using the procedure above. Thus, the final step is to composite all of the individual part models to a complete model. When connecting the individual part models, the junctions between the lower model and upper model might not come in direct contact but are separated by a small gap (Figure 3a ). This is due to the inherent characteristic of the contours: contour interval. Due to the contour interval, the contours positioned at the junctions may be missed. Considering that the contour interval is very small, we assume that there is no dramatic change in the shape and spatial extent between the two neighboring contours in the gap. Therefore, we add a virtual contour (black dot line B0 and C0 in Figure 3a) in the gap. The shape of the virtual contour is the same as the nearest neighbor contour at a higher height value, while the contour value of the virtual contour is set as same as the most adjacent neighbor contour at a lower height value. As shown in Figure 3a , the virtual contour B0 has the same shape as contour B1 and its contour value is identical to the height value of contour A2. By adding the virtual contour, the gap can be filled (see Figure 3b ). So far, we can get a complete and unbroken 3D building model by connecting all the individual parts of the building together.
Implementation
The proposed algorithm has been implemented using the C# programming language in Microsoft Visual Studio 2015 (Microsoft Corporation, Redmond, WA, USA) and the ArcObjects SDK (Environmental Systems Research Institute, Redlands, CA, USA) for the Microsoft .NET Framework and a software tool was built to streamline the procedures. The ArcObjects SDK provides the basic geometric functions and interface for the analysis of the point clouds and model generation. The required input data include the raw airborne LiDAR point clouds, the ground points identified by the progressive morphological filter, and the 2D building footprints vector data. The output data of the software tool include the building contours and the 3D building models in Multipatch data format.
Experiment

Study Area and Data
We selected the Lujiazui region (Figure 4) , a typical urban part of Shanghai, China, as our study area to test the performance of the proposed algorithm. Situated on the eastern bank of Huangpu River and facing the Bund (i.e., a famous waterfront regarded as the landmark of Shanghai) in the Pudong New District, the Lujiazui region is the most famous financial and trade center in Shanghai. The region is studded with around 100 high-rise buildings, many of which are landmark buildings of Shanghai. Six-hundred eighteen buildings (574 residential buildings and 44 commercial buildings) were visually interpreted and recognized from the high-resolution aerial photograph. Together with the residential buildings, the wide range of building heights and various building structure types make the Lujiazui area a great place for validating our proposed method.
The airborne LiDAR point clouds used in our study were provided by the Geomatics Centre at Shanghai Municipal Institute of Surveying and Mapping and were acquired by the Optech ALTM 3100 system. The LiDAR data were provided as ASCII files and each file contains data in XYZ Considering that the contour interval is very small, we assume that there is no dramatic change in the shape and spatial extent between the two neighboring contours in the gap. Therefore, we add a virtual contour (black dot line B0 and C0 in Figure 3a) in the gap. The shape of the virtual contour is the same as the nearest neighbor contour at a higher height value, while the contour value of the virtual contour is set as same as the most adjacent neighbor contour at a lower height value. As shown in Figure 3a , the virtual contour B0 has the same shape as contour B1 and its contour value is identical to the height value of contour A2. By adding the virtual contour, the gap can be filled (see Figure 3b ). So far, we can get a complete and unbroken 3D building model by connecting all the individual parts of the building together.
Implementation
Experiment
Study Area and Data
The airborne LiDAR point clouds used in our study were provided by the Geomatics Centre at Shanghai Municipal Institute of Surveying and Mapping and were acquired by the Optech ALTM 3100 system. The LiDAR data were provided as ASCII files and each file contains data in XYZ coordinates along with LiDAR intensity. Only the XYZ coordinates were used in our study. These datasets were imported using the "ASCII 3D to Feature Class" conversion tool in the ArcGIS ® 3D Analyst Toolbox (Environmental Systems Research Institute, Redlands, CA, USA). The LiDAR point cloud data extracted from the ASCII file is in the map projection of Shanghai local coordinate system and referenced to the horizontal datum-D_Beijing_1954. The study area consists of 15,940,136 sampling points, covering an area of 4,184,300 m 2 with an average point density of approximately 4 points/m 2 . Figure 5 shows the 3D georeferenced point clouds of the study area.
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Results
A total of 1,083,988 ground points were identified using the progressive morphological filter. The DSM and DEM were generated at 0.5-m resolution from the raw points and ground points, respectively. By subtracting the DEM from the DSM, we derived the nDSM. Several parameters are introduced during the four steps of the algorithm. In the contour line generation, contour lines are generated from the nDSM by setting the contour interval d i to 0.5 m and the base contour d 0 to 0 m. In the process of bipartite graph matching, the contours are equally divided into 300 parts (n = 300).
All of the computations were conducted on a consumer-level PC with an Intel (Intel Corporation, Santa Clara, CA, USA) Core i7 3.0 GHz CPU, 16 GB RAM, running the Windows 7 64-bit operating system. The average time for the 3D reconstruction was 6.47 s per building, including exporting the model to the geodatabase. By using our proposed algorithm, all of the 618 building models (574 residential buildings and 44 commercial buildings) were reconstructed successfully. Figure 6 shows the 3D building models reconstructed in the study area.
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All of the computations were conducted on a consumer-level PC with an Intel (Intel Corporation, Santa Clara, CA, USA) Core i7 3.0 GHz CPU, 16 GB RAM, running the Windows 7 64-bit operating system. The average time for the 3D reconstruction was 6.47 s per building, including exporting the model to the geodatabase. By using our proposed algorithm, all of the 618 building models (574 residential buildings and 44 commercial buildings) were reconstructed successfully. Figure 6 shows the 3D building models reconstructed in the study area. Six buildings (marked with red "#" symbol in Figure 4 and 6) are selected to show the details of the raw point clouds, outdoor scene pictures, 3D contours, and reconstructed models (see Figure 7) . Compared to the raw 3D point clouds and outdoor scene pictures, the outlines and most of the body details of the selected buildings are well preserved in the corresponding reconstructed models. Buildings #1 to #4 are tower buildings. Building #1, named the Bocom Financial Towers, is a twintower structure building with two pitched roofs. The Bocom Financial Towers can be split into the north and south towers. Therefore, the building structure can be represented by a two-branch contour tree. Compared to the reference point clouds and outdoor picture, the outlines and body details of the reconstructed model are well preserved. Buildings #2 (the World Finance Tower), #3 (the Oriental Pearl TV Tower), and #4 (the Shanghai Pudong Customs Building) are all single-tower buildings and, therefore, form single-branch contour trees. The World Finance Tower is a 43-floor skyscraper with an elliptic cylinder body and a crown-shaped roof. Similar to Building #1, the World Finance Tower is reconstructed successfully. The Oriental Pearl TV Tower features two large spheres which are linked by three columns (see Figure 7b) . The lower and upper towers have a diameter of 50 and 45 Figure 6 . Reconstructed building models for the Lujiazui region: (A) the 3D building models for area A; (B) the 3D building models for area B; and (C) the 3D building models for area C.
Six buildings (marked with red "#" symbol in Figures 4 and 6 ) are selected to show the details of the raw point clouds, outdoor scene pictures, 3D contours, and reconstructed models (see Figure 7) . Compared to the raw 3D point clouds and outdoor scene pictures, the outlines and most of the body details of the selected buildings are well preserved in the corresponding reconstructed models. Buildings #1 to #4 are tower buildings. Building #1, named the Bocom Financial Towers, is a twin-tower structure building with two pitched roofs. The Bocom Financial Towers can be split into the north and south towers. Therefore, the building structure can be represented by a two-branch contour tree. Compared to the reference point clouds and outdoor picture, the outlines and body details of the reconstructed model are well preserved. Buildings #2 (the World Finance Tower), #3 (the Oriental Pearl TV Tower), and #4 (the Shanghai Pudong Customs Building) are all single-tower buildings and, therefore, form single-branch contour trees. The World Finance Tower is a 43-floor skyscraper with an elliptic cylinder body and a crown-shaped roof. Similar to Building #1, the World Finance Tower is reconstructed successfully. The Oriental Pearl TV Tower features two large spheres which are linked by three columns (see Figure 7b) . The lower and upper towers have a diameter of 50 and 45 m, respectively. Compared with the outdoor picture reference and raw point clouds, the reconstructed model does not coincide with its actual shape. This is because the three different sized spherical-shaped roofs are located vertically. As a result, only the top spherical-shaped roof was captured in the raw LiDAR points and the other parts were blocked by the topmost spherical-shape roof. When generating the contours, the details of the three columns and walls between the spheres are missing and, thus, the walls are perpendicular to the ground, forming a cylindrical body. A similar situation is found in the Shanghai Pudong Customs Building. Nevertheless, the overall result is acceptable because only a small number of contours are affected by the rooftop. Building #5 (the Sightseeing Platform) is a saddle-shaped building with no clear boundary of the roof. There are two sets of oval-shaped contours, which results in a two-branch contour tree structure. From the reconstruction results in Figure 7 , it implies that our proposed method can fully extract and express this irregularly curved shape and the leaf-like roof is reconstructed accurately. Building #6 is the Shanghai International Convention Center with two spheres on the top of both ends. From the raw point clouds, it is a curved building with a flat roof along with four small tops. This complex structure is represented by a six-branch contour tree. Compared with the reference point clouds, the outlines and body details of the reconstructed model are well preserved.
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Discussion
Performance
Previous studies showed that the evaluation of methods for 3D building reconstruction is a challenging task [1, 8, 9, 27, 64] . Nevertheless, there are still some simple indices that can be used for validation, such as the distance of the input points to the 3D model. In order to measure the quality of our modeling results, we calculated the average point-to-model distance for the 618 buildings. We used the 2D building footprint data to extract the point clouds for each building. The geometric accuracy of the above validation method is displayed in Figure 8 . The minimum, maximum, and average distances are 0.10, 0.69 and 0.32 m, respectively. The results show a high accuracy with respect to the distance of the input points to the 3D model.
The reconstruction results of the Lujiazui region and the statistical distance errors demonstrate that the proposed method is suitable for the reconstruction of complex buildings. We compared the performance of our method with the results reported in the literature: 0.14-0.2 m reported by [2] , 0-0.2 m reported by [28] , 0.03-0.15 m reported by [8] , 0.1-0.24 m reported by [27] , and 0.17-0.34 m 
Discussion
Performance
The reconstruction results of the Lujiazui region and the statistical distance errors demonstrate that the proposed method is suitable for the reconstruction of complex buildings. We compared the performance of our method with the results reported in the literature: 0.14-0.2 m reported by [2] , 0-0.2 m reported by [28] , 0.03-0.15 m reported by [8] , 0.1-0.24 m reported by [27] , and 0.17-0.34 m reported by [1] . Although the mean distances reported in these studies are slightly smaller than the one shown in our study, the LiDAR point clouds and the size of study areas used in these studies differ significantly from our study. Our study area is a typical urban scene, which is larger and more complex than the study areas shown in these studies. Additionally, the point density of LiDAR point clouds used in our study is relatively lower. Taking these factors into account, our result is still comparable to the results reported in these previous studies.
Remote Sens. 2017, 9, 92 11 of 16 reported by [1] . Although the mean distances reported in these studies are slightly smaller than the one shown in our study, the LiDAR point clouds and the size of study areas used in these studies differ significantly from our study. Our study area is a typical urban scene, which is larger and more complex than the study areas shown in these studies. Additionally, the point density of LiDAR point clouds used in our study is relatively lower. Taking these factors into account, our result is still comparable to the results reported in these previous studies. 
Tuning of Algorithm Parameters
There are two main parameters, contour interval and variable , that need to be set in our approach. In general, the selection of and varies based on the input LiDAR point clouds and the building complexity in the study area. It is challenging to automatically adjust the parameter and for different LiDAR point clouds without prior knowledge. In our study, a range of (from 0.1 to 5 m) and (from 20-500) for model reconstruction of all the six selected buildings (#1 to #6) were conducted to evaluate their impacts on modeling accuracy of 3D buildings. The results are shown in Table 1 
There are two main parameters, contour interval d i and variable n, that need to be set in our approach. In general, the selection of d i and n varies based on the input LiDAR point clouds and the building complexity in the study area. It is challenging to automatically adjust the parameter d i and n for different LiDAR point clouds without prior knowledge. In our study, a range of d i (from 0.1 to 5 m) and n (from 20-500) for model reconstruction of all the six selected buildings (#1 to #6) were conducted to evaluate their impacts on modeling accuracy of 3D buildings. The results are shown in Tables 1 and 2 . For the parameter d i , selection of a small d i will help to detect the detail of the building surface, but it might result in high computation time. A large d i will help to enhance computing efficiency, but it might lead to reduced accuracy of 3D models. From Table 1 , we found that the model errors are relatively stable and low when d i changes from 0.1 to 0.5 m, and then the model errors increase gradually when d i changes from 0.6 to 5 m. As expected, the results indicate that the model errors increase gradually when d i changes from 0.1 to 5 m. When d i is very small, many small building components or details could be captured during the contouring process, which preserves the building components very well. When d i gets larger, many small building components or details may be missed due to the lower density of contour lines, resulting in partial deviation.
In contrast, the effect of parameter n is just the opposite. Large n will help to enhance the model quality, but result in high computation time. Small n will help to increase the speed of modeling, but result in low model quality. From Table 2 , we found that the larger the parameter n, the smaller the modeling error. In our experiment, the modeling error is relatively stable and low when n changes from 250 to 500. When n becomes larger, the models are more accurate and can better retain the spatial information among the contours. When n is very small, the spatial information implied in contours may be missed, which could result in geometric distortion.
Limitations
There are some limitations in our proposed approach. The factors influencing model errors mainly include two aspects: the LiDAR point clouds and the contours. In fact, the level of detail of the 3D model primarily depends on the LiDAR point clouds. In our approach, the airborne LiDAR point cloud dataset is the main input. It records the geometric information about the rooftop structure of building objects from the top and, thus, lacks the capability to capture the sides of buildings. Due to this limitation, the true architectural form under the rooftop might not be detectable, and it could produce a geometric distortion. Additionally, some rooftops are made of transparent materials, such as glass. In this case, the LiDAR system typically does not get effective returns from these rooftops. Moreover, some buildings are adopted in layer structural roofs (e.g., the Oriental Pearl Tower shown in Figure 7 ). The ALS system only captures the topmost roofs, while the lower parts are obstructed by the higher parts. As a result, these kinds of building surfaces may not be well reconstructed in the final models due to the missing point clouds. Another concern is the contour generation. As mentioned above, selection of a small contour interval will help to detect small objects, but it might result in high computation power and unnecessary redundancy. A large contour interval will contribute to enhancing computing efficiency, but it can cause failure to the recognition of small structures. It should be noted that our algorithm generates the building models directly from the derived contours and does not use the raw point clouds of the buildings. Thus, the sources of error and uncertainty mainly include the interpolation of DSM and DEM, the elimination of open and tiny contours, contour smoothing. These errors could lead to the deviation between the final contours and raw point clouds.
Conclusions
3D building reconstruction from airborne LiDAR data is still a challenging problem in the field of remote sensing and computer vision, and it has been an active research topic for the past decades. In this paper, we propose a graph-based approach for modeling urban buildings from airborne LiDAR point clouds. Our method consists of four technical steps: building contour generation, graph-based localized contour tree construction, bipartite graph matching, and building model reconstruction. Different from previous studies, our method is based on the hierarchical structure and topological analysis of building contours. The topological relationships can be quantified using the graph theory-based localized contour tree method. The contour tree is built to split the building structure into individual parts for surface modeling. The case study demonstrates that our proposed method can reconstruct the urban 3D building models well.
The primary contributions of the proposed method are three-fold. First, we applied the localized contour tree method to represent the hierarchical structures of urban buildings. The localized contour tree derives spatial and topological information directly from building contours. The complex structure of building contours can be simplified and separated into several individual parts according to their topological relationships. Second, we adopted the bipartite matching algorithm to generate the surface model for each building component. A significant strength of the algorithm compared to existing methods is the full utilization of building contours. In our work, we made no assumption about prior knowledge of building types. We reconstructed the 3D building models directly from the building contours, and no primitive mathematical models are necessary. Third, the topological and geometrical information of building contours are fully utilized for 3D building model reconstruction.
There are some limitations to our method. Our method has difficulty in reconstructing concave or arch-type rooftops. Since building reconstruction from the LiDAR point clouds is a challenging task, much research still needs to be done in the future. In future work, it would be interesting to improve the building's reconstruction accuracy by fusing additional LiDAR data collected by other platforms, such as the mobile laser scanning (MLS) data. The MLS data can provide information about the true architectural form under the rooftop. The fusion is useful for improving the extraction of building contours. Additionally, by investigating the morphological character and topological relationships among the contours, individual roof faces, vertical walls, or other objects could be better distinguished from each other. Thus, our method can be combined with other data-driven and model-driven approaches to improve the reconstruction accuracy. Another worthwhile challenge would be to adapt our approach to reconstruct other urban objects, such as street trees.
